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Abstract
In this paper we extend the Multiple Indicator Solution (MIS),
used to correct for endogeneity, so that it can also be used when
there are interactions between observed and unobserved factors in the
specification of the utility function. We show the theoretical derivation
and illustrate it with a case study. Policy indicators, such as time
elasticity and value of time are derived, and the results are compared
with a logit model and with an Integrated Choice and Latent Variable
(ICLV) model. The contribution is twofold: this is the first application
of the MIS methodology with revealed preference data, and the MIS
has been adapted to account for interactions between observed and
unobserved attributes.
Keywords: Discrete choice models, mode choice, value of time, en-
dogeneity, multiple indicator solution, latent variable, revealed prefer-
ence.
2
1 Introduction
Endogeneity is an issue that often arises in demand modeling. One of the
assumptions to derive random utility models such as logit, probit, nested logit
and cross nested logit is that the deterministic part of the utility function is
independent from unobserved factors. If this assumption is violated, it may
result in inconsistent estimates of the parameters. This is what is known
as endogeneity. As Guevara-Cue (2010) describes, it can have three main
causes: (i) errors in the measurements of the variables, (ii) simultaneous
determination and (iii) omitted variables.
The first cause is very intuitive: if there are systematic errors in the mea-
surements, these propagate to the error term, which is then correlated with
the wrongly measured variable. An example of the second cause in the con-
text of transportation can be found in the simultaneous modeling of mode
and housing choice. People with a tendency to travel by public transporta-
tion locate closer to stations, thus making their travel times shorter. The
residential location choice is affected by the mode choice, but at the same
time the mode choice is affected by the residential location choice. This is
known as simultaneous determination, and assuming that one is an exoge-
nous explanatory variable of the other is wrong.
An example of the third cause can also be found in transportation, when
an unobserved variable - such as comfort - is not included in the model. In a
mode choice between public transportation and private modes, assume that
there is an observed attribute (travel time, travel cost) that is correlated with
an unobserved attribute (perception of comfort). If comfort is omitted, we
may obtain biased estimates for the parameters associated with time and/or
cost. This can be seen intuitively as follows: if people are traveling at peak
hours when public transportation is very congested, the disutility towards
public transportation caused by discomfort is captured by the travel time
parameter. It results in a downwards-estimated parameter for travel time,
since it captures both the disutility towards public transportation caused
by travel time and the disutility caused by discomfort. In a similar way,
transportation systems that are more expensive because they are more com-
fortable - like traveling in the first class in a train - have an upwards estimated
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parameter related to cost. This parameter is capturing on the one hand the
disutility for high prices, but on the other hand the fact that travelers are
willing to pay higher prices to travel in a more comfortable way. It can even
result in positive estimates for parameters related to cost. This results, of
course, in wrong willingness to pay estimates.
The problem may appear as well when a latent variable is omitted. There
is evidence in the literature that car lovers have a different value of time
for private motorized modes compared to other individuals who don’t have
this preference (Atasoy et al. , 2013). If this is not explicitly modeled, the
estimator of value of time may not be consistent. In terms of the specification
of the utility, there is evidence in the literature that suggests to use the
interaction of car lovingness and cost to address heterogeneity of taste (Abou-
Zeid et al. , 2010).
As discussed above, endogeneity can yield to biased and inconsistent es-
timates. However, it is rarely assessed and corrected for in practical appli-
cations. This is due to the fact that although several methods to correct
for it exist (BLP, control function...), they rely on instruments, that are not
straightforward to identify in practice. A complete review of these methods
is found in Section 2. In this paper, we build on the Multiple Indicator So-
lution (MIS), that can be applied when there is an interaction between the
unobserved factor and a measurable variable. We show that it can be gener-
alized to models with interactions between observed and unobserved factors.
Moreover, it is the first application with real data of the MIS method, that
has only been tested with stated preference (SP) data (Guevara & Polanco,
2016). We apply the MIS methodology in order to get more realistic value
of time (VOT) and time elasticity estimates from a mode choice revealed
preference dataset in Switzerland. We show that it handles correctly the en-
dogeneity issue by comparing it with the integrated choice and latent variable
(ICLV) approach.
This paper is structured as follows: the literature review is presented
in Section 2, followed by the description of the theoretical framework in
Section 3. Section 4 contains the case study, along with a discussion of
the results obtained. Finally, the conclusions and future work directions are
discussed in Section 5.
2
2 Literature Review
This section is divided in two subsections: Section 2.1 is a detailed review
of the different methodologies that have been proposed in the literature to
address endogeneity. Section 2.2 gives some insight in the existing literature
related to modeling attitudes and perceptions.
2.1 Endogeneity
Louviere et al. (2005) present the recent progress that has been done in
the field of endogeneity in discrete choice models. However, they give a very
broad definition of endogeneity and focus also on choice set formation, inter-
actions among decision makers and models of multiple discrete/continuous
choice amongst other topics. In this review, as well as during the whole pa-
per, we are going to focus only on how to correct for endogenous explanatory
variables.
A widely used methodology is the BLP (Berry et al. , 1995, 2004) named
after its authors. This approach consists in removing the endogeneity from
the non-linear choice model and dealing with it in linear regressions. This
requires adding an alternative specific constant (ASC) for each product and
each market. A description of the instrumental variable methodology can
be found in most of the basic econometric textbooks such as Baum (2006),
Lancaster (2004) or Wooldridge (2010). Guevara-Cue (2010) describes in his
thesis why it is more complex to deal with endogeneity in discrete choice
models compared to linear models: these corrections lead to changes in the
error term which imply a change of scale in the discrete choice models.
There are many studies that use the BLP approach to deal with endo-
geneity in discrete choice models. To name some examples, Walker et al.
(2011) introduce a social influence variable in a behavioral model which
is endogenous, as the factors that impact the peer group also influence the
decision maker and this causes correlation between the field effect variable
and the error. Train & Winston (2007) use the BLP approach to correct for
price endogeneity in automobile ownership choice. Crawford (2000) uses it
for consumers’ choice among TV options and Nevo (2001) uses it for a study
of the cereal industry. It is also the approach chosen by Goolsbee & Petrin
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(2004) where they examine the direct broadcast satellites as a competitor to
cable TV.
A second approach in the literature is the control function methodology.
The concept dates back to Hausman (1978) and Heckman (1978), although
the term control function was introduced by Heckman & Robb Jr. (1985).
Petrin & Train (2009) describe a control function approach to handle en-
dogeneity in choice models. They apply both the control function and the
BLP methodologies in a case study and find similar and more realistic de-
mand elasticities than without correcting for endogeneity. They describe the
control function methodology in detail. Guevara-Cue (2010) also uses this
method to study the choice of residential location. He also shows that there is
a link between the control-function methods and a latent-variable approach.
The third frequently used approach is the one that Guevara-Cue (2010)
calls the control-function method in a maximum-likelihood framework and
Train (2003) calls maximum-likelihood method. It is the same formulation
used by Villas-Boas & Winer (1999) in brand choice models and Park &
Gupta (2012). In particular, Park & Gupta (2012) propose what they de-
scribe as a ”new statistical instrument-free method to tackle the endogeneity
problem”. They model the joint distribution of the endogenous regressor and
the structural error term by a Gaussian copula and use nonparametric density
estimation to construct the marginal distribution of the endogenous regres-
sor. Also, Bayesian methods to handle endogeneity have been introduced by
Yang et al. (2003) and Jiang et al. (2009).
Endogeneity can also be mitigated by the Integrated Choice and Latent
Variable (ICLV) approach, where a latent factor captures an unobserved qual-
itative attribute. This methodology explicitly models attitudes and percep-
tions using psychometric data. For the estimation of the parameters, maxi-
mum likelihood techniques are used, which lead to complex multi-dimensional
integrals. Thus, it is a computationally intensive method.
A more novel method used for discrete choice models is the Multiple Indi-
cator Solution (MIS) which is described by Wooldridge (2010) in the context
of linear models and generalized by Guevara & Polanco (2016) for discrete
choice. As opposed to the control-function method, the MIS method does
not need instrumental variables. Instead, it uses indicators to introduce a
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factor of correction in the choice model in order to obtain consistent esti-
mators. Its performance is compared using Montecarlo experiments to other
methodologies in Guevara (2015).
There are also other methods, but are less used because they are either
very recent, such as Grange et al. (2015), or outperformed by the methods
reviewed above. For example, the analogous to the standard 2-stage in-
strumental variable approach used in regression, described by Newey (1985)
does not provide correct estimates of the aggregate elasticities of the models.
Guevara-Cue (2010) shows it with a case study. Another method, devel-
oped by Amemiya (1978), is as efficient as the control function approach, as
shown by Newey (1987), and is globally efficient under some circumstances,
but is much more complex to calculate because it involves the estimation of
auxiliary models.
2.2 Attitudes and perceptions
A lot of literature also exists in how attitudes, perceptions and psychological
factors in general play an important role in the modeling of behavior. A
non-exhaustive list of research related to this would include Ajzen (2001);
Olson & Zanna (1993); Wood (2000); McFadden (1986); Ben-Akiva & Boc-
cara (1987). In particular, there are several studies describing the role of
attitudes and perceptions in mode choice, such as Koppelman & Hauser
(1978); Proussaloglou & Koppelman (1989); Golob (2001); Outwater et al.
(2003); Vredin Johansson et al. (2006)). Walker (2001) develops the most
commonly used framework to include these in discrete choice models: the
integrated choice and latent variable approach. However there had already
been some developments of latent variable models prior to her work, such as
Everitt (1984); Bollen (1989).
An interesting measure that can be derived from mode choice models
is the value of time (VOT), that is defined as the amount of money that
users are willing to pay to save one unit of travel time. In other words, it is
the trade-off that users consider between the time that they spend traveling
and the amount of money that they are willing to pay. The first person
to introduce the concept of value of time in travel behavior was Dupuit
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(1844, 1849). The VOT varies across individuals and the trips, characterized
by variables such as age, gender, income, trip purpose... It can also be
distributed (see, among others, Ben-Akiva et al. (1993); Fosgerau (2006);
Hess & Axhausen (2004)).
An attitude that has been considered relevant for the estimation of the
VOT is the car loving attitude (Abou-Zeid et al. , 2010; Atasoy et al. ,
2013). Car lovers are defined as people that have an intrinsic preference
towards car, for many reasons, including convenience, reliability, and symbol
of social status. If either the time or the cost are actually interacting with
the attitude, and it is omitted in the model specification, it then enters the
error term, causing endogeneity.
3 Methodology
This section introduces the methodology that is used in the paper. Sec-
tion 3.1 is an introduction to the Multiple Indicator Solution (MIS) method.
The following sections investigate how to adapt this methodology to capture
possible interactions between observed attributes and unobserved factors.
Section 3.2 contains the derivation of an intuitive but not useful approach,
while Section 3.3 proposes a way to overcome the limitations of the previous
approach. Finally, Section 3.4 is a reminder of the Integrated Choice and
Latent Variable (ICLV) framework, that is used as a benchmark for the MIS
with interactions in the case study.
3.1 MIS method
The multiple indicator solution method was introduced by Wooldridge (2010)
for linear models and extended to discrete choice models by Guevara &
Polanco (2016). It can be summarized as follows.
Consider a setup where the choice of an alternative i by a decision-maker
n depends on an economic factor tin, an unobserved attribute qin that is
correlated to qin, and on a set of other explanatory variables xin. The utility
function of this alternative is specified as follows
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Uin = ASCi + βxxin + βttin + βqqin + ein, (1)
where ASCi, βx βt and βq are parameters to estimate and ein is a random error
term. If the term βqqin is omitted, it would enter the error term. Therefore,
the error term would be correlated to tin causing endogeneity. We assume
that we have two indicators I1in and I2in which are related to the omitted
variable qin. The following relation can be defined
I1in = α0 + αqqin + eI1in , (2)
I2in = δ0 + δqqin + eI2in , (3)
where
cov(q, eI1) = cov(x, eI1) = cov(q, eI2) = cov(x, eI2) = cov(eI1 , eI2) = 0,
αq 6= 0 and δq 6= 0. x represents the vector of explanatory variables in
Equation 1. From Equation (2) we obtain qin = (I1in − α0 − eI1in)/αq. By
substituting this expression in Equation (1) and denoting θq = βqαq we obtain
Uin = ASCi + βttin + βxxin + θqI1in − θqα0 − θqeI1in + ein. (4)
The above model is still endogeneous since I1in is correlated with eI1in . We
therefore apply the control function method (similarly as in Guevara-Cue
(2010)) and use I2in as an instrument for I1in. This can be done because
both indicators are correlated, and I2in is uncorrelated with eI1in . We can
therefore define the following relations
I1in = γ0 + γ1I2in + γttin + γxxin + δin, (5)
eI1in = βδδin + νin, (6)
where δin captures the part of eI1in which is correlated with I1in and νin is
an exogenous error term.
Substituting Equation (6) to (4) we obtain
Uin = (ASCi − θqα0) + βttin + βxxin + θqI1in − θqβδδin − θqνin + ein. (7)
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By denoting ˜ASCi := ASCi − θqα0 , θδ := −θqβδ and e˜in := −θqνin + ein
we obtain
Uin = ˜ASCi + βttin + βxxin + θqI1in + θδδin + e˜in, (8)
where there is no endogeneity anymore.
A limitation of this methodology is that the indicator I1in and the resid-
uals of the regression δin appear directly in the utility function, as seen in
Equation (8). This might not be an issue when the purpose of the model is
to derive trade offs such as willing to pay estimates or elasticities. However,
if the purpose is to do forecasting, it would be. How to overcome this lim-
itation is out of the scope of the paper, but a research direction would be
to write a measurement equation of the indicators that depends on socioeco-
nomic characteristics. By doing this, the indicators could be forecasted and
so could be the result of the regression in Equation (5). This also applies to
the following Sections 3.2 and 3.3.
3.2 MIS method and interactions: first approach
Assume now that the variable q is an interaction term tin · ξn, where ξn is a
characteristic of the decision-maker. The specification of the utility function
is then
Uin = ASCi + βxxin + βttin + βξtinξn + ein. (9)
Suppose again that we have two indicators I1in, I2in for the variable ξn, that
is, I1in = α0 + αξξn + e1in . If we repeat the derivation from section 3.1 we
obtain
Uin = ASCi+(βt−θξα0)tin+βxxin+θξtinI1in−θξtinβδδin+θξtinνin+ein, (10)
and by denoting β˜t := βt − θξα0 and θδ := −θξβδ we obtain
Uin = ASCi + β˜ttin + βxxin + θξtinI1in + θδtinδin + θξtinνin + ein︸ ︷︷ ︸
e˜in(t)
. (11)
For this reason, this approach is not further investigated.
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3.3 MIS method and interactions: correct approach
In order to use the MIS method in the presence of interactions between an
attribute tin and an unobserved factor ξin, we need to assume tin · I1in and
tin · I2in to be indicators for tin · ξn. We define ξ ′in = tin · ξn, I ′1in = tin · I1in
and I ′1in = tin · I2in. The following relation can therefore be defined
I ′1in = α0 + αξξ
′
in + eI1in . (12)
We can also define
I ′1in = γ0 + γ1I
′
2in + γttin + γxxin + δin, (13)
eI1in = βδδin + νin, (14)
where δin captures the part of eI1in which is correlated with I ′1in and νin is
an exogenous error term.
From Equation (12) we obtain ξ ′in = (I ′1in − α0 − eI1in)/αξ. By sub-
stituting this expression in Equation (9), denoting θξ = βξαξ ; proceeding
as in Section 3.2, denoting ˜ASCi := ASCi − θξα0 , θδ := −θξβδ and
e˜in := −θξνin + ein we obtain
Uin = ˜ASCi + βttin + βxxin + θξtinI1in + θδδin + e˜in, (15)
where the endogeneity has been corrected. The model with the MIS correc-
tion is estimated in two stages. First δin is obtained by taking the residual
values of Equation (13). Second, all parameters of Equation (15) are esti-
mated by maximum likelihood. Note that using the full information maxi-
mum likelihood would render a one-stage estimation possible.
3.4 Integrated choice and latent variable (ICLV) model
framework
Instead of using the MIS method to account for the omission of tinξn, the
ICLV methodology can also be used. We introduce it here briefly and refer
the reader to Walker (2001) for more details. Let us now consider a model
with the same formulation of utility as in Equation (9).
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The structural equation of the latent variable model is given as follows
ξn = η0 + ηsn + ωξ, (16)
where η0, η are (vectors of) parameters to estimate, sn is a vector of socio-
economic characteristics of the respondent n, and ωξ is an error term.
The measurement model specifies the following k measurement equations
tinIkin = αk + λkξntin + ωIkin , (17)
where αk and λk are parameters to estimate, and ωIkin is a random error term.
To compute the maximum likelihood function, integration over ξ is performed
which makes it more computationally complex to estimate. Therefore, the
identification of the parameters is not as straight forward as for the MIS
method.
4 Case Study: Mode choice in Switzerland
with RP data
The description of the case study is organized as follows: Section 4.1 in-
troduces the dataset that is used, including details of the data collection
and some descriptive statistics. It is followed by the model specification in
Section 4.2. Finally, the results are presented in Section 4.3
4.1 Data used: collection and exploratory analysis
The dataset used for the case study was collected in Switzerland between
2009 and 2010 as part of a project to understand mode choice and to enhance
combined mobility behavior. It consists of a revealed preferences (RP) survey.
Details about the data collection procedure can be found in Bierlaire et al.
(2011); Glerum et al. (2014), and more information about the project can
be found in http://transport.epfl.ch/optima.
The structure of the questionnaire is as follows. There is a first part
consisting of a revealed preferences survey where information on all the trips
performed during one day are collected. Respondents report travel time,
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travel cost, socioeconomic characteristics of themselves and of their house-
hold, opinions on a list of statements, mobility habits and what is referred
to in Glerum et al. (2014) as semi-open questions. In these semi-open ques-
tions, respondents are asked to provide three adjectives to describe each
mode. Each observation corresponds to a round trip, not to a single trip.
After removing (i) observations where the mode is not reported, (ii) obser-
vations corresponding to respondents who claim to use the car, but answer
simultaneously that they do not have access to a car, (iii) those who do not
answer to the opinion statement that are used for the modeling and (iv) those
who do not report their income level, there is a total of 1,686 observations.
The mode alternatives are public transportation (PT), private motorized
modes (PMM) (car, motorbike, etc.) and slow modes (SM) (bike, walk).
PMM is also referred to as Car. Table 1 shows the sample market shares for
each of the three considered modes. These are the results after excluding the
respondents described above. Of these, only 83 had no access to car. This
is taken into account for the modeling. The market shares observed in the
sample are coherent with the real market shares in the population (Office
fédéral de la statistique, 2012).
PT PMM SM Total
Number of observations 456 1,128 102 1,686
Observed market shares (%) 27 67 6 100
Table 1: Observed market shares and number of observations for each of the
three alternatives in the choice set (public transportation, private motorized
modes and slow modes).
4.1.1 Travel time and travel cost
Figure 1 shows the travel time and cost both by car and public transportation
for each individual. The reported travel time for the chosen mode is not used,
instead, it is imputed. Details can be found in Bierlaire et al. (2011).
It is observed in Figures 1(b),1(d) that in general terms car is faster and
cheaper than public transportation. This is confirmed by Figure 1(c) where
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we see that there are less than 10 observations where public transportation
is faster than car. In Figure 1(a), we see that there are several respondents
for which the marginal cost by public transportation is zero. This is due to
the fact that respondents in the dataset can have several travel cards that
makes their marginal cost null. In both figures, the black line represents the
x = y line.
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Figure 1: Plots and boxplots of travel time and travel cost for the different
alternatives.
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4.1.2 Attitudinal questions
Several attitudinal questions related to the car-loving attitude are rated in a
1 to 5 likert scale by the respondents. The statements that are used in this
case study are the following
1. It is difficult to take the public transportation when I travel with my
children.
2. With my car I go whenever and wherever.
As described in Section 3.3, the indicators that are considered for this
case study are the product of these ratings and the travel time. The one
corresponding to statement With my car I go whenever and wherever is re-
ferred to as flexibility indicator and the one related to statement It is difficult
to take the public transportation when I travel with my children is referred
to as convenience indicator. The correlation between them is 0.88. In the
reminder of the paper, the expression likert indicator is used when referring
to the 1 to 5 indicators, and the expression composite indicator is used to
refer to the product of this indicators and travel time.
4.2 Model specification
Table 2 shows the model specification used as the base model for the case
study. It is a model with 13 parameters. In the slow modes utility function,
only the distance of the trip and the number of bicycles in the household are
considered as explanatory variables.
In the public transportation utility, there is the alternative specific con-
stant (ASC), some socioeconomic variables related to the type of neighbor-
hood (rural vs urban) and to the occupation (student or not), as well as
attributes of the mode such as cost and time, where cost is interacted with
the income of the respondent. The parameter for time is an alternative
specific one, while the parameter related to travel cost is generic for both
alternatives.
In the car utility function there is also an ASC and three socioeconomic
variables which are if the respondent is from a French speaking part of
14
Parameter Public transportation Car Slow modes
β1 (ASCPT ) 1 0 0
β2 0 Time car [min] 0
β3 Travel time by PT [min] 0 0
β4 (ASCcar) 0 1 0
β5 0 Number of children 0
β6 0 Number of cars 0
β7
Marginal cost of PT
Income
Marginal cost of car
Income 0
β8 0 Work-related trip 0
β9 0 French speaking 0
β10 Student 0 0
β11 Urban area 0 0
β12 0 0 dist. [km]
β13 0 0 Number of bicycles
Table 2: Base model specification.
Switzerland or not, the number of cars in the respondent’s household and
the number of children in the household. There are also the time and cost of
the trip, where the cost is the gasoline cost, and it is again interacted with
the income of the respondent. There is also a dummy variable for the trip
purpose (if it is work-related or not).
The specifications used for the other two models (MIS and ICLV) are
the same except for the parameters associated with each methodology. The
base model specification is suspected to suffer from endogeneity issues for
the reasons discussed earlier.
4.3 Results
The presentation of the results is divided in several sections. Sections 4.3.1,
4.3.2, 4.3.3 present the estimation results of the logit, logit with MIS correc-
tion and ICLV methodology respectively. They are followed by Sections 4.3.4
and 4.3.5 where a comparison of the results obtained is performed. All mod-
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els are estimated using Biogeme, an open source software designed for the
estimation of discrete choice models (Bierlaire, 2003).
4.3.1 Base model: Logit
Table 3 shows the estimation results for the model specification defined in
Table 2. The signs are in line with our expectations and the literature. The
parameters associated with travel time, travel cost and distance are negative.
Moreover, travel time in private modes causes more disutility than travel time
in public transportation. This is justified by the fact that the time in public
transportation can be used to do other things, while when a person is driving
s/he can not do any other activity.
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Robust
Parameter Coeff. Asympt.
number Description estimate std. error t-stat p-value
1 ASC (PT) 1.08 0.399 2.71 0.01
2 Travel time [min] (Car) -0.0272 0.00507 -5.37 0.00
3 Travel time [min] (PT) -0.00878 0.00169 -5.19 0.00
4 ASC (Car) 0.257 0.440 0.58 0.56
5 No. of children in household (Car) 0.181 0.0699 2.59 0.01
6 Number of cars in household (Car) 1.04 0.125 8.32 0.00
7 Marginal costIncome -0.334 0.0817 -4.08 0.00
8 Work related trip (Car) -0.659 0.130 -5.06 0.00
9 French speaking (Car) 1.01 0.175 5.79 0.00
10 Student (PT) 2.94 0.481 6.10 0.00
11 Household in urban area (PT) -0.202 0.134 -1.50 0.13
12 Distance [km] (SM) -0.204 0.0505 -4.04 0.00
13 No. of bikes in household (SM) 0.390 0.0607 6.43 0.00
Summary statistics
Number of observations = 1686
Number of excluded observations = 579
Number of estimated parameters = 13
L(β0) = −1337.224
L(β^) = −880.350
−2[L(β0) − L(β^)] = 913.749
ρ2 = 0.342
ρ¯2 = 0.332
Table 3: Estimation results for the logit base model.
4.3.2 Multiple Indicator Solution method
Table 4 shows the estimation results of using the MIS methodology when
there is an interaction between travel time and the car loving attitude. The
approach introduced in Section 3.3 is used. All the parameters that appear
also in the logit can be interpreted in a similar way, except for travel time
by car. The likert flexibility indicator can take values from 1 to 5, so the
travel time parameter is in the range (−0.0777 + 1 · 0.0121,−0.0777 + 5 ·
0.0121) = (−0.0656,−0.0172), which includes the travel time parameter that
is obtained in the logit model. The βδ parameter does not have a direct
behavioral interpretation, but is derived by the mathematical formulation.
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It is introduced in equation (14).
A likelihood ratio test between the logit and the MIS shows that they are
not statistically equivalent:
−2(Lr(β^) − Lu(β^)) = −2(−880.350− (−864.915)) = 30.87 ≥ 5.99 = χ22,0.05.
Therefore, the model with the MIS correction is preferred.
Robust
Parameter Coeff. Asympt.
number Description estimate std. error t-stat p-value
1 ASC (PT) 1.06 0.398 2.66 0.01
2 Travel time [min] (Car) -0.0777 0.0167 -4.66 0.00
3 Travel time [min] (PT) -0.00905 0.00182 -4.97 0.00
4 ASC (Car) 0.488 0.446 1.09 0.27
5 No. of children in household (Car) 0.169 0.0710 2.38 0.02
6 Number of cars in household (Car) 0.866 0.147 5.88 0.00
7 Marginal costIncome -0.330 0.0914 -3.61 0.00
8 Work related trip (Car) -0.708 0.132 -5.36 0.00
9 French speaking (Car) 0.998 0.173 5.75 0.00
10 Student (PT) 2.78 0.457 6.07 0.00
11 Household in urban area (PT) -0.240 0.136 -1.76 0.08
12 Distance [km] (Slow modes) -0.206 0.0509 -4.05 0.00
13 No. of bikes in household (SM) 0.383 0.0605 6.34 0.00
14 βδ (Car) 0.348 0.177 1.97 0.05
15 Likert flex. ind.× travel time [min] (Car) 0.0121 0.00348 3.48 0.00
Summary statistics
Number of observations = 1686
Number of excluded observations = 579
Number of estimated parameters = 15
L(β0) = −1337.224
L(β^) = −864.915
−2[L(β0) − L(β^)] = 944.619
ρ2 = 0.353
ρ¯2 = 0.342
Table 4: Estimation results for the MIS method.
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4.3.3 Integrated Choice and Latent Variable method
Finally, an ICLV model is estimated. Results are shown in Table 5. Param-
eters 1-13 can be interpreted as in the case of the logit (except for the travel
time by car, that is discussed below). In order to understand the rest of the
parameters, the structural and measurement equations are introduced. The
measurement equation for the car-loving attitude is defined as follows:
Car loving = ηCarloving + ω, (18)
where ω ∼ N (0, σ2) and ηCarloving is a parameter to estimate. In a classical
ICLV approach this structural equation could be more complex. In the case
study we consider it as shown in Equation 18 so that the results can be
compared to those of the MIS method.
The measurement equations are as follows:
t · I1 = α1 + λ1 · t · Car loving+ ω1, (19)
t · I2 = α2 + λ2 · t · Car loving+ ω2, (20)
where ω1 ∼ N (0, σ21) and ω2 ∼ N (0, σ22). For identification reasons, α1 is
normalized to 0, and λ1 and σ1 to 1.
Parameter 14, corresponding to the interaction between Car loving and
travel time, is positive, as expected.
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Robust
Parameter Coeff. Asympt.
number Description estimate std. error t-stat p-value
1 ASC (PT) 1.05 0.391 2.69 0.01
2 Travel time [min] (Car) -4.08 0.671 -6.08 0.00
3 Travel time [min] (PT) -0.548 0.104 -5.29 0.00
4 ASC (Car) 0.0870 0.421 0.21 0.84
5 No. of children in household (Car) 0.199 0.0692 2.87 0.00
6 No. of cars in household (Car) 1.09 0.121 9.00 0.00
7 Marginal costIncome -0.346 0.0890 -3.89 0.00
8 Work related trip (Car) -0.703 0.129 -5.45 0.00
9 French speaking (Car) 0.963 0.171 5.65 0.00
10 Student (PT) 3.38 0.433 7.79 0.00
11 Household in urban area (PT) -0.216 0.134 -1.62 0.11
12 Distance [km] (SM) -0.206 0.0500 -4.11 0.00
13 No. of bikes in household (SM) 0.374 0.0598 6.25 0.00
14 Car loving × travel time [min] (Car) 0.870 0.182 4.78 0.00
15 ηCarloving 2.68 0.0735 36.42 0.00
16 σ 0.589 0.0176 33.50 0.00
17 α2 0.000575 0.00766 0.08 0.94
18 λ2 1.53 0.0453 33.88 0.00
19 σ2 0.142 0.0189 7.49 0.00
Summary statistics
Number of observations = 1686
Number of excluded observations = 579
Number of estimated parameters = 19
L(β0) = −23121.351
L(β^) = −4545.965
−2[L(β0) − L(β^)] = 37150.773
ρ2 = 0.803
ρ¯2 = 0.803
Table 5: Estimation results for the ICLV method.
4.3.4 Comparison of the methodologies: value of time
In this section the value of time (VOT) estimates are compared across the
three methods presented above. The software Biogeme (Bierlaire, 2003) is
also used for the simulation of these estimates. It gives as an output the
value of the point estimate for each respondent.
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Figure 2(a) shows a boxplot containing the disaggregate values of VOT of
the respondents. We can see that the results obtained with the logit model
have a lower spread compared to those of MIS and ICLV, which is expected
since the car loving attitude is not taken into account. These values have a
wider spread that those found by Axhausen et al. (2008), that range between
25 and 50 CHF/h for car users, depending on their trip purpose.
Figure 2(b) is an alternative representation of the same values, where the
VOT have been reordered from the lowest to the highest value. We can see
that for the logit model we obtain six different values of the VOT, one for
each level of income. The results obtained for the ICLV are very similar,
since the structural equation is given only by the mean plus an error term
(see Equation (18)). Finally, for the MIS we obtain 30 different values, one
per level of income and per answer to the likert indicator. The higher rate
an individual gave to the statement With my car I can go whenever and
wherever, the lower is his/her VOT. This is in line with what is expected,
since a car lover is willing to pay less to save a minute of travel time by car
compared to a someone with lower affection towards car. This is better seen
in Figure 3, which is a graphical representation of the VOT for each of the car
loving and income levels. The value of time for the category of low income
and low car loving attitude is equal zero since none of these respondents has
access to car. It is interesting to notice that the diagonals of this rectangle
have almost the same value of time. For example, an individual with a
monthly income of 5,000 CHF that gave the lowest value to the flexibility
likert indicator has the same VOT than a person with a monthly income of
7,000 CHF that rated the indicator with the second value, and the same as
an individual with a monthly income of 9,000 CHF that answered with a 3
out of 5 to the flexibility likert indicator. As expected the highest value of
time corresponds to the respondents with the highest income and that gave
a lower value to the flexibility likert indicator. The VOT decreases as income
level decreases and as car lovingness –represented by the indicator– increases.
In this sense, it is interesting to see how a respondent with an income level
of at least 15,000 CHF per month has the same VOT as a respondent with
a monthly income of 3,250 CHF if the first one rated the indicator with a 5
out of 5, and the second with a 1 out of 5.
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Figure 2: Representation of the VOT [CHF/h] for car.
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Figure 3: Representation of the VOT [CHF/h] for car per income and atti-
tude level using the MIS method.
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4.3.5 Comparison of the methodologies: travel time elasticity
The elasticity of travel time represents the percentage of variation in the
probability of choosing an alternative following an increase of one percent in
the travel time of this alternative.
Table 6 shows the weighted average of travel time elasticity (TE) for
both the car and the public transportation alternatives for each of the three
methodologies: a logit model, a model with the MIS correction and an ICLV
model. Note that to compute the aggregate indicators of demand, the ob-
servations have to be weighted to coincide with the real population. Weights
calculated by Atasoy et al. (2013) by age, gender and education level using
the iterative proportional fitting algorithm are used.
In all the cases it is negative, as expected, meaning that an increase of
travel time in a transportation mode decreases the probability of choosing
it. It is also observed that the time elasticity for public transportation is
larger in absolute value than that of car. This is not what is expected from
the parameter estimates, since in Table 3 it can be seen that the parameter
related to travel time for public transportation is smaller in absolute value
than the parameter related to travel time by car. It becomes clearer by
looking at the formula of the elasticity of travel time for an alternative i:
E
Pn(i)
tin =
∂Pn(i)
∂tin
tin
Pn(i)
, (21)
where Pn(i) is the probability of respondent n to choose alternative i with
i ∈ {Car,PT} and tin is the travel time for respondent n and alternativei. As
shown in Figure 1, travel time by public transportation is usually longer than
by car, so this results in the mean time elasticity for public transportation
being larger in absolute value than the mean time elasticity for car.
Logit MIS ICLV
Car -0.37 -0.48 -0.43
PT -0.96 -0.99 -0.98
Table 6: Weighted average of the travel time elasticity for car and public
transportation for each of the methodologies used.
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We can see that the logit model underestimates the time elasticity to-
wards car compared to both the MIS and the ICLV methodologies. Indeed,
a 1% change in travel time by car will have an impact of -0.37% on the prob-
ability of choosing car, according to the logit model while after correcting for
endogeneity with either the MIS or the ICLV methodologies we see that the
decrease would be between 0.43% and 0.48%.
It is also interesting to look at the distribution of elasticities across the
population, rather than the mean value. Figure 4 shows the boxplots across
the three different methodologies. Since the spread is very wide – the min-
imum values are -13.5, -31.6 and -14,4 for the logit, MIS and ICLV values
respectively– the boxplot is zoomed in the range (−1, 0). The red cross
represents the weighted mean value of TE. We can see that the spread of
the boxplot without taking into account the outliers is larger for the ICLV
methodology, due to the error terms in the structural and measurement equa-
tions. The shape is similar for the MIS and the logit models, but as discussed
above, the average is not, and the tail of the distribution, related to the min-
imum values, is a lot more negative for the MIS methodology than for the
ICLV and the logit, capturing better the extreme values.
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Figure 4: Boxplot of the TE for the different methodologies with a red cross
representing the mean value.
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5 Conclusions and future work
We have shown that the Multiple Indicator Solution can also be applied
in discrete choice models in the presence of interactions between observed
and unobserved attributes in the utility function. Moreover we have tested
this methodology with a case study using real data collected in Switzerland.
This is the first application of the MIS methodology with revealed preference
data. The estimation results obtained are comparable to what is obtained
by applying the same correction using the ICLV methodology, and the values
of time obtained have larger spread than the results found in the literature
since we are taking into account both income and the car loving attitude.
The distribution of demand indicators such as value of time and time elas-
ticity are also studied. Results reveal that the logit model underestimates
the mean travel time elasticity for car compared to both the ICLV and the
MIS method. Thanks to the MIS method we can also derive the VOT for
different levels of car lovingness and income which also reveals interesting
results. Moreover, a likelihood ratio test shows that the model with the MIS
correction is significantly better than the logit model. In conclusion, the
MIS performs as the ICLV or better, and is easier and faster to estimate.
The purpose of this case study is to show that the MIS method is opera-
tional and that it can be adapted to model interactions between observed
and unobserved attributes.
However, the MIS methodology is not free of limitations. An important
limitation is that an indicator, as well as the residuals of a regression, appear
directly in the utility function. How to do forecasting using this methodology
is therefore not trivial. As mentioned, a possibility is to estimate a measure-
ment equation for the unobserved indicators as a function of socioeconomic
characteristics of the respondent, and then use these in the utility function.
The difficulty of using the MIS for forecasting might not be a problem if
the interest of the application is to compute trade-offs such as VOT estimates,
or elasticities. From a modeling point of view, the MIS method is a logit
model with a correction factor. Therefore it has a closed form, and it is
computationally a lot faster than the ICLV approach (the estimation time
is of less than a second for the MIS method and of around 5 minutes for
25
the ICLV). A potential solution when the model is to be used for forecasting
would be to use the MIS approach to identify endogeneity and to find a
good model specification, and then apply the ICLV method with the same
specification and indicators once it is confirmed.
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